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Abstract
Strategic valuation of efficient and well-timed network investments under uncertain electricity market environment has become
increasingly challenging, because there generally exist multiple interacting options in these investments, and failing to systemat-
ically consider these options can lead to decisions that undervalue the investment. In our work, a real options valuation (ROV)
framework is proposed to determine the optimal strategy for executing multiple interacting options within a distribution network
investment, to mitigate the risk of financial losses in the presence of future uncertainties. To demonstrate the characteristics of the
proposed framework, we determine the optimal strategy to economically justify the investment in residential PV-battery systems
for additional grid supply during peak demand periods. The options to defer, and then expand, are considered as multi-stage com-
pound options, since the option to expand is a subsequent option of the former. These options are valued via the least squares
Monte Carlo method, incorporating uncertainty over growing power demand, varying diesel fuel price, and the declining cost of
PV-battery technology as random variables. Finally, a sensitivity analysis is performed to demonstrate how the proposed framework
responds to uncertain events. The proposed framework shows that executing the interacting options at the optimal timing increases
the investment value.
Keywords: Battery energy storage, solar PV, real options valuation, compound options, least square Monte Carlo.
1. Introduction
Peak demand is the time when consumer demand for elec-
tricity is at its highest. In distribution systems, the installed
power transfer capacity must be greater than the expected an-
nual peak demand. However, in reality, it has become common
for forecast electricity demand to exceed the distribution net-
work’s supply capacity in the near, as peak demand continues
to increase [1]. In response to this, traditionally, distribution
network service providers (DNSPs) have sometimes invested
in new generation in substations (e.g. diesel generators) to ac-
commodate the growing peak demand within their operation ar-
eas. Specifically, diesel generators make sense for very ‘peaky’
peaks, i.e. seasonal/weather driven, characterized by high peak-
to-average load profiles. However, this is an expensive method
considering that the diesel costs are uncertain due to the rela-
tively high capital cost and price uncertainty of liquid fuels.
Residential PV-battery systems have become an attractive al-
ternative for effectively providing peak demand support, reduc-
ing the risk of supply falling short of demand. One of the key
drivers to this development is the falling cost of PV-battery sys-
tems with the fast advancement of the technology [2]. Mean-
while, the benefits of residential PV-battery systems are well
recognized. First, battery systems store surplus PV generation,
and utilize the stored energy in the evening for peak-load sup-
port [3]. Second, they reduce network power losses and help
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with voltage regulation [4]. Although the technology is cur-
rently expensive to implement, it has already been shown effec-
tive in reducing diesel generation [5], and thus providing op-
portunities to replace the costly diesel generator investment, as
well as to defer expensive network augmentation [6, 7].
However, with the increasing uncertainties in distribution
network investment and operation in the electricity system,
DNSPs confront a great challenge in determining efficient and
well-timed investment in residential PV-battery systems. In
Australia and some other jurisdictions, asset ring-fencing regu-
lations mean that these PV-battery systems cannot be owned by
(regulated) DNSPs if they are also used for supplying energy
and services to contestable markets. However, to promote the
use of this technology, DNSPs may provide incentives to cover
a large proportion of PV-battery procurement and installation
cost, and in this way, they can effectively invest in these assets.
Given this context, the decision rule of the traditional net
present value (NPV) analysis is to undertake the investment
immediately if the NPV is positive and reject those with a neg-
ative NPV, regardless of how future uncertainties will unfold
[8]. However, this method ignores the real options in an irre-
versible distribution network investment, such as the options to
defer, expand, contract and abandon. Each of these options is a
contingent decision that the investor has the flexibility to make
based on the realization of future uncertainties. This highlights
the importance and value of managerial flexibility, which is not
captured in standard NPV assessments.
In contrast, in this paper we use real options valuations
(ROV) to identify the options embedded in an investment, and
hence the possible flexible investment directions in the light of
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various uncertainties. Specifically, ROV takes into account the
value of managerial flexibility of making contingent decisions
upon the realizations of future uncertainties, typically captured
by Monte Carlo (MC) simulations. Given this, we reduce the
exposure to risk, by considering management’s right, but not
obligation, to make contingent decisions [9].
However, there are generally several interacting options em-
bedded in an investment. The most common interaction hap-
pens when a subsequent option becomes available after the pre-
requisite option is executed. In this case, the subsequent option
provides additional future contingency that affects the investor’s
decisions. Examples include system expansion, relocation, re-
contracting and abandonment which often appear only after the
option to invest has been executed. Properly incorporating these
subsequent options into the valuation of the prerequisite option
may lead to a different investment strategy, and therefore pro-
vide additional value to the investment. Nonetheless, there is
currently limited literature that presents a valuation framework
to explicitly consider the interdependency among the options
available in a distribution network investment.
1.1. Contributions
Against this background, this work proposes a multi-stage
valuation framework that uses ROV to evaluate an investment
with compound options under multiple future uncertainties. To
demonstrate the characteristics of the framework, we apply it
to assess the economic benefits and costs accrued to a DNSP
for providing incentives to network customers to purchase PV-
battery systems. By doing so, we remove the need to install
additional substation diesel generators.
Given this, we consider two interacting options in this invest-
ment, which are:
• The option to defer the PV-battery investment in the first
decision period; and
• The option to expand this investment in the second deci-
sion period.
The option to expand is a subsequent option, which is only
considered after the option to defer is executed. Given this,
the value of the deferral option is also dependent on this sub-
sequent option. The proposed framework derives the optimal
investment strategy subject to these options by quantitatively
taking into account the uncertainties and the flexibility of mak-
ing decisions contingent to unfolding information.
The uncertainties considered in this work are:
• Growing peak power demand which decides the capacity
of the PV-battery investment, as well as diesel generator
operational cost;
• Varying diesel price that determines the cost of diesel pro-
curement; and
• The declining cost of PV-battery technology.
These uncertainties are chosen as the state variables to the
ROV because their future projections affect the behaviour of
the cash flow, and the stochastic variations provide opportuni-
ties for a DNSP to increase the investment value by making
decisions contingent on their realizations.
In order to capture the value of the options, and determine the
optimal investment strategy within a pre-identified decision pe-
riod, the framework overcomes two main challenges that have
not been addressed in the existing literature: (i) the need to en-
able ROV on the application of PV-battery hybrid system in-
vestment and determine the optimal investment timing given
multiple interacting options available, under multiple uncertain-
ties, and (ii) integrate multiple investments (diesel generator
and PV-battery systems) within one ROV process to raise the
potential for greater option values. Thus, the major contribu-
tions of the proposed framework are summarized as follows:
• We define the economic benefits of the PV-battery invest-
ment as the cost saving from replacing the expensive diesel
generation investment to enable the application of ROV;
• We use ROV to determine the optimal strategy that sub-
jects to multiple interacting options available in the appli-
cation of PV-battery system investment; and
• By combining the investments in diesel generator and PV-
battery systems, we integrate the uncertainties involved in
both investments within one valuation process to provide
greater opportunity values.
By doing so, we demonstrate the process of deriving the opti-
mal strategy for a distribution network investment that has mul-
tiple interacting options. Although ROV based on the LSMC
method has already been used in the evaluation of network in-
vestments, this is the first time that the usefulness of these tech-
niques has been shown for assessing the investment value of
customer-owned PV-battery systems in particular, and for dis-
tribution investments in general.
Our results show that, from the traditional NPV analysis, the
PV-battery investment is abandoned immediately because the
NPV is negative. However, this decision is changed after con-
sidering the options embedded in the investment. Specifically,
by considering the option to expand in the future, the proposed
ROV framework suggests to delay the investment and thereby
increase the value of the investment. In addition to this, we
observe that changing the drift parameter and volatility of the
state variables can have significant impacts on the distribution
of optimal strategies.
1.2. Literature review
In this subsection we review existing literature for: (i)
ROV in transmission and distribution network investments, and
(ii) the methods to calculate the value of real options.
In recent years, ROV has been frequently applied for valua-
tion of distribution and transmission network investments, in-
cluding transmission network expansion [10, 11], distributed
generation [12], and renewable generation including hydro-
power [13], wind generation [14–18], solar generation [19–23]
and large scale battery storage systems [24]. A common feature
of these studies is that they determine the value to execute one
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or several independent options embedded in a network invest-
ment in the presence of uncertain electricity market conditions
or regulatory policies, and hence the optimal investment timing.
However, in practice, a distribution network investment of-
ten involves multiple interacting (i.e. not independent) options
which actively engage with each other to produce a greater in-
vestment value. For this setting, the authors in [25] determine
the value of multiple options, including the option to invest,
followed by the subsequent options (expand, re-power, contract
and abandon), in a wind farm investment. However, the invest-
ment timing for the subsequent options are fixed (i.e. a Euro-
pean call option) to reduce the size of the problem. Currently,
the method to properly value American compound options, with
flexible execution timing, has not been presented in the existing
literature. More importantly, we have found that the topic of
addressing investment in hybrid renewable generation systems,
such as PV-battery, using ROV has not been presented, which
drives our research direction.
Given this context, we need to decide the most suitable ap-
proach to address the problems above. The partial differential
equations (PDE) approach [26, 27] based on the research of
Black, Scholes and Merton, and binomial lattice [16, 18, 23]
have been widely applied to calculate the value of real options.
However, the PDE approach can be used to incorporate only
one uncertainty, or at most two correlated ones. This is not the
case in the electricity market where multiple uncertainties exist.
Meanwhile, PDE is designed for European-type of option anal-
ysis, in which the investment can only be taken on a specific fu-
ture date [28]. On the other hand, lattice models use backward
induction, and the prior path of the underlying variable is un-
known at the time computations are made, making it impossible
to incorporate multiple interacting options with numerous state
variables [28]. Thus, these methods are not suitable for distri-
bution network investments where there are multiple sources of
uncertainty and interacting options.
In contrast, binomial tree models can handle the cases
with compound options under multiple uncertainties better, by
adding additional decision nodes [25]. However, their computa-
tion complexity grows exponentially with the increasing num-
ber of decision nodes, constraining their use to complex but
smaller-sized problems.
In light of this, the least square Monte Carlo (LSMC) method
[29] is applied to determine the value of real options, and hence
derive the optimal investment strategy [11–14, 20, 22, 30]. This
method allows us to incorporate many sources of uncertainty,
and accurately capture the flexibility in delaying investments
using MC simulations. For example, the authors in [30] applied
this method to value flexible AC transmission systems devices
in transmission networks, by modeling both demand and fuel
costs as stochastic processes, and providing the optimal timing
for the option to install, locate and remove the asset. For these
reasons, the LSMC method is used in our work.
The rest of the paper is organized as follows. Section 2 ex-
plains the LSMC approach which is used for valuing the man-
agerial flexibility. Section 3 describes the costs and benefits
analysis of the PV-battery investment, and presents the stochas-
tic modeling of future uncertainties including power demand
growth, varying diesel fuel price, and the declining cost of PV-
battery systems. The outcomes are evaluated in Section 4. Fi-
nally, Section 5 draws conclusions.
2. Real Options Theory
The traditional NPV method fails to appraise an investment
under uncertainties and in the presence of contingency, as it
considers managerial flexibility as a passive factor and attains
only deterministic investment decisions. In contrast, ROV rec-
ognizes the benefits of contingency and includes this as an ac-
tive entity in its calculation, which potentially changes the value
of the investment [9].
For multi-stage compound options valuation, we need to de-
termine the value of the subsequent options (the option to ex-
pand), and incorporate this value when valuing the deferral op-
tion. In this case, the option to defer is to be executed within
a 5-year decision period, t ∈ Tinv, while the option to expand
is considered in the next 5-year decision period, t ∈ Texp. The
optimal investment strategy is extracted from this process. The
mathematical formulation for solving compound options via the
LSMC method is detailed in this section.
2.1. ROV with the LSMC method
To determine the optimal investment strategy subject to the
compound options, the first task is to apply the LSMC method
to calculate the value of the subsequent option to expand the
investment, assuming that the investment has already been car-
ried out. Specifically, this method combines a forward-looking
model for incorporating uncertainties, and a backward recur-
sion (least square regression) for determining the value of an
option [28]. The option can be executed any year from the ini-
tial year t0 to the maturity Tm. This time-span is divided in to
n ∈ N intervals, whose length is 1 year.
We assume that there are h ∈H options within an investment,
thus, we use h and h+1 to represent the options to defer and
expand, respectively. Given this, the investment value in year
t considering the option to expand is denoted as Fh+1(tn, Xtn ),
where Xtn is the state variable of the investment, including the
growing power demand, varying diesel fuel price, and the de-
clining PV-battery cost. Hence, the future discounted value of
the subsequent investment option can be expressed as follows:
Fh+1(t0, Xt0 ) = max
τ∈[t0,Tm]
{
e−r(τ−t0)E∗t0 [Πh+1(τ, Xτ)]
}
, (1)
where τ is the optimal stopping time on each MC
path, Πh+1(τ, Xτ) is the payoff for expanding the project,
E∗tn [Πh+1(τ, Xτ)] is the expectation on the information available
at tn, and r is the risk neutral discount rate.
LSMC integrates MC simulations with least square regres-
sion to accurately estimate the option value. The dynamic fea-
tures of state variables are simulated by generating a set, Ω, of
MC realization paths by means of geometric Brownian motion.
Then, we estimate the continuation value, denoted Φ(tn, ω, Xtn ),
which is essentially an estimate of the investment value of the
next time step, given a realization ω ∈ Ω. This value represents
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the value of continuing to wait for the realization of future ran-
dom variables at each time along the ωth path. By comparing
Φ(tn, ω, Xtn ) to the value of investing immediately, the optimal
stopping time along each MC path is found. The process for
calculating the optimal stopping times is described by the Bell-
man’s principle of optimality, which is expressed as follows:
Fh+1(tn, Xtn ) = max
{
Πh+1(tn, Xtn ),Φh+1(tn, Xtn )
}
, (2)
where
Φh+1(tn, Xtn ) = E
∗
tn
 N∑
i=n+1
e−r(ti−tn)Πh+1(tn, ti, τ)
 . (3)
In more detail, the least square regression estimates the con-
tinuation value by regressing the discounted future investment
values on a linear combination of a group of basis functions of
the current state variables. Each group of the basis functions
represents the payoff trajectory within a time interval, and we
use these basis functions to estimate the payoff at t+1 (contin-
uation value). This process has been employed in many recent
studies, which generally apply simple powers of the state vari-
able Xt as basis functions [12], [30]. Given this, we define the
orthonormal basis of the jth state variable as L j. The optimal
coefficients, φˆ j, for the basis functions are obtained using (4).
φˆ j(t) = argmin
φ j(t)
{ N∑
i=n+1
e−r(ti−tn)Πh+1
(
ti, Xti (ω)
)
−
J∑
j=1
φ j(t)L j
(
Xtn (ω)
) }2
.
(4)
The continuation value for each MC path is thus calculated by
feeding the optimal coefficient φˆ j into the linear combination of
the basis functions, that is:
Φh+1
(
t, Xtn (ω)
)
=
J∑
j=1
φˆ j(tn)L j
(
Xtn (ω)
)
. (5)
The option value is maximized along each path if the option is
executed as soon as the payoff exceeds the continuation value.
The optimal stopping time along each of the in-the-money paths
is determined by applying Bellman’s principle of optimality,
given by (2) recursively from maturity Texp to t0. If the decision
rule holds true at tn, the stopping time τω along the ωth path will
be updated to tn, that is:
if Φh+1
(
tn, Xtn (ω)
) ≤ Πh+1 (τ, Xtn (ω)) , then τ(ω) = tn. (6)
The optimal stopping time of each MC path τω forms a unique
optimal stopping time matrix, which includes the earliest in-
vestment timing for all in-the-money MC paths. Using this ma-
trix, the option value at t0 that considers managerial flexibility
and future uncertainty is determined by the following equation:
Fh+1(t0, Xt0 ) =
1
|Ω|
∑
ω∈Ω
e−rτ(ω)Πh+1
(
τ(ω), Xτ(ω)(ω)
)
. (7)
Given the value of the subsequent option, to calculate the value
of the option to defer the PV-battery investment, the Bellman’s
principle of optimality described by (2) becomes:
Fh(tn, Xtn ) = max
{
Πh(tn, Xtn ) + Fh+1(tn, Xtn ),Φh(tn, Xtn )
}
,
(8)
where
Φh(tn, Xtn ) = E
∗
tn
 N∑
i=n+1
e−r(ti−tn)
H∑
l=h
Πl(tn, ti, τ)
 . (9)
For the deferral option value, the continuation value, Φh(t, Xt)
is compared to the payoff of the investment, Πh(t, Xt), plus the
value of the option to expand, Fh+1(t, Xt). Thus, the stopping
time τω along the ωth path is updated to t, if:
Φh
(
tn, Xtn (ω)
) ≤ (Πh (tn, Xtn (ω)) + Fh+1 (tn, Xtn (ω))) . (10)
We use the updated decision rule in the LSMC method to calcu-
late the deferral option value, and hence the optimal investment
strategy. The accuracy of the estimation grows as the number of
simulation paths and basis functions increases. The presented
method can be applied to multiple subsequent options, where
the payoff of the (h+ n)th option needs to be incorporated when
calculating the value of the (h + n − 1)th option in (8), (9) and
(10) within the LSMC approach.
3. Costs and Benefits Analysis
To carry out the financial assessment of the PV-battery in-
vestment, we need to determine the cost and payoff for carrying
out and expanding the investment, respectively. These values
are used as the inputs to the ROV to value the compound op-
tions, and therefore the corresponding optimal investment strat-
egy. The valuation algorithm is described in Algorithm 1, and
discussed in more detail below.
Specifically, we calculate the cost of the investment via the
traditional NPV method, and hence the payoff (Πh,t,ω) from re-
placing the diesel generator investment with the PV-battery in-
vestment during the first 5-year decision period, and the pay-
off (Πh+1,t,ω) from expanding this investment in the next 5-year
decision period. This period is chosen so that the DNSP can
fully capture the benefit of delaying the PV-battery investment,
while carrying out the appropriate investment for peak demand
support within a relatively short time-span. The detailed for-
mulation is described in this section. Then, we demonstrate the
modelling of future uncertainties including (i) growing power
demand, (ii) varying diesel fuel price, and (iii) declining cost of
the PV-battery technology.
3.1. Payoff Calculation
The energy delivered through the transformer that is over the
thermal limit for each day between 2014 and 2017 is calcu-
lated from the aggregated historical electricity usage data from
the Top Ryde substation (132 kV/33 kV), which has a thermal
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Table 1: Cost specifications.
Items Cost
PV-battery system, cPVt,ω Risk neutral valuation
Diesel generator, cDG $600/kW [31]
Peak demand, ECapt,ω GBM
Operation and maintenance, cOM $100k/year [31]
Diesel fuel, cft,ω Mean-reverting process
limit of 35 MVA. These data, provided by Ausgrid1, have a 15-
minute resolution. The future growth in power demand that is
over the thermal limit is then simulated. We take the average
across the simulated data for each future decision year, and use
it as the aggregated installed capacity for the PV systems and
diesel generator, denoted as ECapt,ω . The battery size is decided
based on the PV size. In Australia, 2 kWh of battery is typically
used per 1 kW of PV installed.
The future costs of the PV-battery investment (cPVt,ω) and diesel
generator investment (cDGt,ω ) need to be discounted via the tradi-
tional NPV method as follows before calculating the payoffs:
NPV =
T∑
t=1
ct
(1 + r)t
. (11)
where r is the risk-free discount rate2.
We assume that the DNSP is responsible for 70% of PV-
battery procurement (the rest is paid by the customers), and it
is obliged to cover the cost of electricity usage over the thermal
limit and is not covered by the additional generation capacity
provided by PV-battery systems (denoted as cgt,ω). This cost
occurs when the PV-battery investment is delayed or the peak
demand exceeds the installed generation capacity. Thus, Πh,t,ω,
including cgt,ω is given by:
Πh,t,ω =
(
cPVt,ω − cDG
)
ECapt,ω − cOM + cgt,ω, (12)
where cPVt,ω and c
DG are the costs per 1 kW for the same ag-
gregated capacity ECapt,ω , c
OM
h,t,ω is the maintenance and operation
cost, while cgt,ω is given by:
cgt,ω = c
f
t,ω∆E
g
t,ω, (13)
where cft,ω is the diesel price, and ∆E
g
t,ω is the electricity usage
over the thermal limit and fails to be covered by PV-battery
systems.
The aggregated capacity of the PV-battery systems installed
in the first decision period does not cover the power demand
growth in the future, which leaves an open question as to
whether the expansion is necessary. If the option to expand
1a DNSP in New South Wales, Australia; see https://www.ausgrid.
com.au/Industry/Innovation-and-research/Data-to-share/
Distribution-zone-substation-data.
2In our work, we assume that the future costs are risk free. Thus, we have
fixed this value to a constant (0.06).
Algorithm 1 Real options valuation algorithm
1: Generate Ω realization paths of ∆ECap, cf and cPV.
2: for ω = 1:Ω do
3: for year = 6:10 do
4: Calculate Πh+1.
5: end for
6: end for
7: for t = Texp:-1:1 do
8: Calculate Φh+1 via LSMC for all in-the-money paths.
9: for ω = 1:Ω do
10: if Π >= Φh+1(t, Xt(ω)) then
11: Update τ = t.
12: end if
13: end for
14: end for
15: Calculate the Fh+1 using (7).
16: Repeat the steps 3 to 6 to calculate Πh from Years 1 to 5
17: for t = Tinv:-1:1 do
18: Calculate Φh via LSMC for all in-the-money paths.
19: for ω = 1:Ω do
20: Update the decision rule to (10).
21: if Π + Fh+1 >= Φh(t, Xt(ω)) then
22: Update τ = t.
23: end if
24: end for
25: end for
26: Calculate Fh and extract the optimal investment strategy.
is abandoned, the future power demand growth will be covered
by installing an additional diesel generator.
In more detail, the payoff for expanding the PV-battery in-
vestment, Πh+1,t,ω, assuming that the investment has already
been executed, is the difference between the cost of installing
additional PV-battery systems to cover the peak demand growth
after the first decision period, and the cost of expanding the
diesel generation investment for the same amount of aggregated
generation capacity, ECaph+1,t,ω; that is:
Πh+1,t,ω =
(
cPVt,ω − cDG
)
ECaph+1,t,ω − cOMh+1,t,ω + cgt,ω. (14)
In our work, we assume that the DNSP is in charge of elec-
tricity distribution, network planning, monitoring and mainte-
nance. The electricity bills generated from the diesel generator
are allocated to this entity, and these are the primary source of
cash inflow in this investment. Cash outflows in this investment
include system procurement, installation, maintenance and op-
eration costs for the generator.
3.2. Modelling of Future Uncertainties
In this subsection we simulate the random variables used in
the payoff calculation, including growing power demand that
exceeds the thermal limit (∆ECapt,ω ), cost of diesel fuel (c
f
t,ω),
and the declining cost of PV-battery technology (cPVt,ω). Specif-
ically, the growing peak demand that exceeds the thermal limit
(∆ECapt,ω ) is governed by the GBM and simulated using MC anal-
ysis. GBM is used in this case as we assume that the stochastic
peak demand evolution over time can be captured by a GBM
process. This assumption relies on the fact that the increments
of process in the GBM show the Markov property, which as-
sumes that any future change is independent from the previous
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Figure 1: Distribution of simulated average monthly growth in future peak de-
mand that is over the transformer thermal limit via GBM (drift = 1.5% and
volatility = 9.8%)
Figure 2: Distribution of simulated future diesel price via a mean reverting
process (speed of reversion = 5%, reversion level = 2.6, volatility = 4.7%)
values, while the variable remains positive throughout the pro-
cess [32]. The GBM for the growing peak demand is therefore
described mathematically as follows:
dS dt = µS
d
t dt + σS
d
t dWt, (15)
where S dt describes the sought stochastic process of power de-
mand, µ is the percentage drift that describes the rate of growth
in the aggregated peak demand that is over the thermal limit,
σ is the percentage volatility of the data, and Wt is the Wiener
process that describes the stochastic component. Thus, the dis-
cretization recursion formula is given by:
S dt+∆t = S
d
t e
(
µ− σ22
)
∆t+σdWt
. (16)
The simulation of future power demand takes the historical
electricity usage data provided by Ausgrid. The future power
demand is simulated for 10,000 MC paths.
On the other hand, diesel fuel price, like all the other bulk
commodities such as oil, gas and metal tends to conform to
Figure 3: Distribution of simulated future cost of PV-battery system via risk
neutral valuation (risk-free rate = 0.06, volatility = 9%)
its long-term mean, with stochastic shocks when unforeseen
”events” occur. Given this we used a mean-reverting process
to simulate the varying diesel fuel prices; that is:
dS ft = βf(Sˆ
f − S ft )dt + σS ftdWt, (17)
where S ft describes the sought stochastic process for the cost of
diesel fuel, βf is the speed of reversion to the mean, and Sˆ f is
the reversion level. Thus, the discretization recursion formula
is given by:
S ft+∆t = e
−βf∆t(S ft − Sˆ f) + Sˆ f + σ
√
(1 − e−2βf∆t)/2βf . (18)
In the LSMC approach, we assume that the sample paths of
costs of assets (PV-battery systems) over the relevant time hori-
zon are simulated according to the risk-neutral measure3. Given
this, we first describe the evolution of the cost using GBM:
dS PVt = µS
PV
t dt + σS
PV
t dWt, (19)
where S PVt describes the sought stochastic process for the cost
of PV-battery systems. Then, we define dWt = dWˆt − µ−rσ dt,
where dWˆt is the Brownian motion under risk neutral measure
and r is the risk-free rate. Substituting this to (19) yields the
risk neutral valuation:
dS PVt = rS
PV
t dt + σS
PV
t dWˆt. (20)
Thus, the discretization formula becomes:
S PVt+∆t = S
PV
t e
(
r− σ22
)
∆t+σdWˆt
. (21)
The historical PV and battery price and diesel price data are
obtained from [33] and [34], respectively. For brevity, in this
3This is because these costs depend crucially on their risk as investors typ-
ically demand more profit for bearing more risk. It is difficult to adjust the
simulated expected values based on an investor’s preference, and therefore, risk
neutral measure is used.
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work, only 6 years of the simulated future data are shown. It
is observed that the electricity usage that is over the thermal
limits, ∆ECapt,ω , and the cost of diesel fuel c
f
t,ω increase gradually
in the future, as illustrated in Fig. 1 and Fig. 2, respectively,
while the cost of PV-battery cPVt,ω continues to decrease (Fig. 3).
4. Case Studies
In this section, we demonstrate that the proposed ROV
framework can be used to evaluate a distribution network in-
vestment with interacting options under multiple uncertainties.
Specifically, we value the PV-battery investment considering
two interacting options, which are (i) the option to defer in the
first 5-year decision period, and (ii) the option to expand the
investment in the next 5-year decision period. The subsequent
option for the investment expansion can only be considered af-
ter the investment has been carried out. The option values are
calculated via the LSMC approach described in Section 2. As
previously described, the expansion of the PV-battery invest-
ment aims to cover the further growth in the aggregated peak
power demand after the first decision period.
The study period is 10 years, including the two consecutive
5-year decision periods, and the annual risk-neutral discount
rate is assumed to be 6 %. The DG investment and PV-battery
investment are thereafter referred to as P1 and P2, respectively.
4.1. Diesel Generator Cash Flow Analysis
The NPV for executing P1 in Year 1 is calculated in this sub-
section. The capital cost of diesel generator is $600 per 1 kW
[31], while the future electricity generation cost is dependent
on the increase in the aggregated peak demand and diesel fuel
price simulated using the GBM in Section 3.
The average NPV of P1 decreases from –$900k in Year 1 to
greater than –$2M by the end of the 10-year study period, as
illustrated by Fig. 4, left, this is due to the expenses in mainte-
nance and electricity generation. Specifically, the magnitude of
the outliers outside the boxes, especially below, increases sig-
nificantly with respect to time, showing the increasing risks for
large investment costs in the case of fast-growing peak demand
and diesel fuel cost. We use the NPV of P1 in Year 10 in (12)
to calculate the payoff, Πh,t,ω, of P2.
4.2. PV-Battery Cash Flow Analysis
Compared to the NPV of P1, the average NPV of P2 in Year
1 is roughly –$1.6M, which decreases to just under –$2M in
Year 10, assuming P2 is executed in Year 1, as shown in Fig. 4,
right. The reduction in the NPV is less pronounced because
PV-battery systems rely on cost-free solar power, and only the
maintenance cost is committed to this investment during the
study period.
Based on the traditional NPV analysis, P2 is not profitable
as the NPV in all MC paths are negative, as shown in Fig. 4,
right, and hence this investment is abandoned. However, using
the ROV, we create an opportunity to make profits of this in-
vestment by postponing it to a time when the uncertainties turn
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Figure 4: Costs for executing the diesel generator investment (left) and the PV-
battery investment in Year 1 (right)
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Figure 5: Payoffs for executing the PV-battery investment in each of the deci-
sion years (left), and for expanding the investment in each of the decision years
(right)
favourable, and the trade-off to this is the cost to cover the elec-
tricity usage that is over the transformer thermal limit, given
that neither P1 nor P2 is implemented until the optimal invest-
ment timing.
The future payoffs of investing and expanding the PV-battery
investment needed for the LSMC approach are shown in Fig. 5.
Specifically, these costs are calculated using (12) and (14), re-
spectively, where the cost parameters are shown in Table .1 and
the simulation of the state variables is described in Section 3.2.
Observe that the payoffs for both investing in and expanding
in the future gradually increase throughout the decision periods
due to the declining cost of the advancing technology. Thus,
there exists an opportunity to make the investment profitable in
the future via ROV.
4.3. Real Options Valuation
The opportunity values provided by future uncertainties are
calculated using the proposed ROV framework. Specifically,
the ROV suggests to delay the investment and wait for the mar-
ket conditions to turn favourable if the deferral option value
is positive and greater than the payoff calculated via the NPV
method, and the optimal investment timing is when the pay-
off exceeds this option value. The flexible investment value is
equal to the sum of the option value and the payoff calculated
by the NPV analysis.
The LSMC approach for calculating the value of the com-
pound options and the corresponding optimal investment strate-
gies are detailed in Section 2: (i) use the payoff (Πh+1,t,ω) of
expanding P2 to calculate the continuation value, Φh+1,t,ω, via
least square regression, (ii) compare the payoff with continua-
tion value for each year during the decision period using (6),
the optimal timing to execute the investment on the ωth path is
when the payoff is greater than the continuation value for the
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Table 2: ROV results under different scenarios.
Scenario Description Year 1 (%) Year 2 (%) Year 3 (%) Year 4 (%) Year 5 (%) Standard NPV (k$) ROV (k$) Flexible NPV (k$)
S1 Benchmark 1.2 1.2 2.3 3.4 90 –240 660 420
S2 µd = 3% 8.7 3.1 2.9 5.4 77 –110 740 630
S3 σd = 20% 4.5 4.8 5.5 4.3 80 –240 600 360
S4 βf = 15% 2.2 0.5 0.3 0.4 97 –230 690 460
S5 σf = 20% 0.3 6.1 4.8 5.0 84 –250 640 390
S6 σpv = 20% 1.7 1.6 1.7 1.9 92 –240 720 480
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Figure 6: Frequency distribution of optimal investment timing for the option to
defer the investment in the first decision period, and the option to expand the
investment in the second decision period (benchmark).
first time, (iii) calculate the investment value considering man-
agerial flexibility using (7), and (iv) incorporate the value of the
option to expand, Fh+1, in the LSMC method to determine the
deferral option value, Fh, and the optimal investment strategy.
The options are abandoned in the case of a negative payoff to
reduce the computation time.
The average payoff of the investment from the standard NPV
analysis is –$240k, as observed in Fig. 5, Investment. The value
of the compound options calculated using (7) is $660k. There-
fore, the flexible investment value in this case equals $420k
($660k + (– $240k)), as indicated in Table. 2, Benchmark. In
this scenario, the drift parameter and volatility of the state vari-
ables are given in Table. 1. Based on the standard NPV ap-
proach, the investment is abandoned immediately because the
payoff is negative. However, ROV sees potential hidden within
the state variables, and discovers a possible additional benefit of
$660k if the investment is postponed to a later year. To predict
the optimal investment timing, the LSMC computes the optimal
stopping timing (τω) for each MC path, from this we extract the
frequency distribution of τω, for the deferral option, as shown in
Fig. 6, in red. The optimal timing of the investment is indicated
by the greatest frequency. Thus, P2 is delayed to Year 5 (90%),
despite the fact that the DNSP needs to pay for the additional
grid supply that covers the future growth in peak demand, cgt,ω,
incurred by postponing P2.
On the other hand, the option to expand calculated using (7)
in the second decision period is worth $330k, while the payoff
is only $30k in Year 6, as seen in Fig. 5, Expansion. In this case,
the investment value is already positive before considering the
flexibility, thus, based on the NPV analysis, the investment is
expanded immediately. However, the ROV sees the potential
for the market conditions to become favourable in the future,
and hence suggests to delay the expansion. Specifically, based
on the frequency distribution extracted from LSMC, as shown
in Fig. 6, blue, the option to expand is to be executed in Year 5
in the second decision period, with a 81% possibility.
If the deferral option is considered independent of the op-
tion to expand, the deferral option value is reduced from $660k
to only $350k, while the optimal investment timing is kept in
Year 5 with a slight decrease in the frequency (84%), com-
pared to Fig. 6. Eliminating the option to expand in this cal-
culation means that there is less managerial flexibility consid-
ered, leading to a smaller option value. This result shows that
properly establish the relation between interacting options leads
to a greater option value, and hence significantly increases the
investment value.
To summarize, the ROV framework accounts for the oppor-
tunity values from executing options under future uncertainties,
and properly considers the interaction between these options.
By doing so, it reverses the decisions drawn from the traditional
NPV analysis. Specifically, the fast-declining PV-battery cost
is the main driver to the deferral of the investment. This case
serves as the benchmark in our work.
4.4. Sensitivity Analysis
The optimal investment strategy can be affected by altering
the state variables, including growing power demand, varying
diesel fuel price and the declining costs of PV-battery systems.
Thus, it is useful to evaluate the sensitivity of the option value
and optimal investment timing subject to changing scenarios
characterized by these variables. The ROV results are summa-
rized in Table. 2.
Overall speaking, increasing the growth rate of future peak
demand (S2) leads to a greater operational cost for the diesel
generator, and thus a greater standard NPV if the PV-battery in-
vestment is executed in Year 1. Meanwhile, this also means a
greater deferral option value, because the payoff increases fur-
ther by delaying the investment. On the other hand, increasing
the volatility of future peak demand shifts the optimal invest-
ment timing for some paths to early years, as seen in Table. 2,
S3. Nevertheless, the option value rises due to the increasing
potential for a greater payoff in the future, compared to the
benchmark. Increasing the mean reversion speed βf to 15%
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Figure 7: Impact on optimal investment timing with respect to changing drift parameter and volatility of the state variables.
means diesel fuel price will reach the reversion level faster. As
a result, the market becomes more confident to defer to the in-
vestment as the probability to execute the investment in Year 5
nearly reaches 100%.
In more detail, we use the example of peak demand growth to
demonstrate how changing drift parameter and volatility affect
the optimal investment timing. Specifically, the optimal invest-
ment timing is kept in Year 5, while the frequency decreases
from 97% to just under 50% when µd rises from 1% to 5%, as
shown in Fig. 7, column one, top. As the demand grows faster,
greater payoffs are expected. Thus, there is a greater proba-
bility for the payoff to exceed the continuation value in early
investment years, and we are less confident to execute the in-
vestment in Year 5. Further, we observe an increasing deferral
option value as there is larger profit in the future with a greater
demand growth rate (Fig. 7, column one, bottom). Similarly,
the value of the option to expand rises with the same increase
in µd, while the investment frequency in Year 5 is decreased, as
shown in Fig. 7, column two.
In contrast, as we increase the volatility of demand (σd) from
10% to 30%, greater payoffs are expected, so are the amount
of negative payoff cash flows (due to the increasing uncertain-
ties). Given that all negative cash flows are discarded by the
LSMC approach, overall we observe a subtle increasing trend
for the option value (Fig. 7, column three, bottom). However,
even though both the NPV and option value are increasing, the
probability to execute P2 has been reduced from 90% to 77%
in Year 5 (Fig. 7, column three, top) as there is a greater pos-
sibility for the payoffs to become negative. Due to the same
reasons, similar changes are observed in the case of expanding
the investment, as shown in Fig. 7, column four.
Therefore, the optimal investment timing and the option
value react differently to different values of drift parameter and
volatility of the state variables. Interestingly, a greater defer-
ral option value does not necessarily mean that the investment
should be further delayed. Our results show that the optimal in-
vestment timing depends on how payoff and continuation value
interact with each other. Meanwhile, it is possible for the option
value to decrease as we increase future uncertainties, because
there will be a greater number of payoffs becoming negative
as time moves forward. These payoffs are discarded when cal-
culating the option value. The sensitivity analysis shows how
ROV responds to uncertain events in electricity market, and
hence increases the robustness of the decision making process.
In general, it is up to the DNSP to check how ROV responds to
changing state variables, re-evaluate the investment, and make
contingent decisions as time moves forward.
5. Conclusions
This work proposed a ROV framework that evaluates a distri-
bution network investment that embeds compound options, and
derives the optimal investment strategy under uncertain market
environment. We demonstrated the characteristics of the frame-
work by determining the optimal strategy for the investment in
residential PV-battery systems, and calculating the values of the
option to expand, and then the deferral option via the LSMC
approach. Through the proposed ROV framework, we demon-
strated that delaying the PV-battery investment/expansion to a
later year when future uncertainties have turned favourable in-
creases the investment value and mitigates the risk of financial
losses. Meanwhile, the framework has shown that the invest-
ment value can be significantly increased when the interaction
between the real options are properly considered. More im-
portantly, the framework allows the managerial flexibility to
optimally respond to uncertain events characterized by the un-
derlying state variables. Thus, the proposed ROV framework
can be employed in the future to value a distribution network
investment with multiple interacting options, and derive the
corresponding optimal investment strategy. In future research,
we expect to include network uncertainties including the size
and location of PV-battery systems, load behaviour in the ROV
framework. Capturing value of the opportunities presented by
these uncertainties requires solving the power flow problem
within the MC analysis underpinned by the ROV.
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